Summary
Introduction
Obesity in the United States affects some groups more than others, particularly those with lower socioeconomic status (SES) as measured by education and income (1, 2) . Both individual-level and area-level SES are also strong determinants of place, with a person's opportunities and resources often driven by surrounding economic means. However, to date, obesity prevalence maps by state and territory, county or metropolitan area (3) (4) (5) may not adequately capture sharp, observable inequities in health, at the local level, which are influenced by SES (6, 7) . One problem is that geo-located data on health or body weight are rarely available at a sufficiently fine geographic scale.
The lack of geographic coverage in health data has typically been remedied through modelling. For example, county-level maps of obesity prevalence, released by Centers for Disease Control and Prevention, imputed missing data using small area estimation and Bayesian multilevel modelling. Close to 90% of the obesity data were, in fact, modelled using age, sex, race and Hispanic origin as predictor variables (8) . Similarly, the awardwinning maps of US obesity rates by neighbourhood, developed by RTI International used age, gender, race, Hispanic origin and education as the chief modelling variables (9).
Previous work in Seattle-King County (1,10) and in Paris, France (11) , demonstrated that higher obesity prevalence was more directly linked to lower SES than to age, gender, race or Hispanic origin. Two socioeconomic variables stood out as powerful predictors of prevalent obesity: residential property values and individual-level educational attainment. The advantage of residential property values at the tax parcel level is that they can be readily geo-localized, providing an objective index of individual-level and area-level poverty or wealth (12, 13) . The present hypothesis was that a superior visualization of obesity prevalence across neighbourhoods would be obtained using a single unifying predictor variable: residential property values at tax parcel level.
Methods

Participants and procedures
Analyses were based on 1,632 Seattle and King County, WA residents, age 18 or older, who were participants in the previously described Seattle Obesity Study (13, 14) . Individual-level demographic, socioeconomic and weight data were collected via telephone survey. Annual household incomes were defined as: lower (<$50,000/year), middle ($50,000 to <$100,000/year) and higher income (≥$100,000). Educational attainment was defined as: <12 years ('high school or less'), 12 to <16 years ('some college'), and ≥16 years ('college graduates or higher'). Body mass index (BMI = kg/m 2 ) was based on selfreported height and weight. Obesity was defined as body mass index < 30.
Home addresses were geocoded using ArcGIS Desktop 10 (15). Tax parcel property values, per dwelling unit, of respondent residences were obtained from County Tax Assessor (14) and grouped into tertiles, following published procedures (14) . All study protocols were approved by the University of Washington Institutional Review Board.
Statistical Analyses
Multiple logistic regression models examined the association between residential property values, education and income and obesity prevalence. Figure 1 shows the spatial distribution of property values in Seattle King County. First, obesity was more prevalent in the lower-income South Seattle compared with the more affluent North Seattle, consistent with data by Health Planning District collected by Public Health Seattle-King County. Second, obesity prevalence was lower along waterfront residences and homes located closer to golf courses, parks and trails and higher closer to traffic and freeways.
Discussion
Modelled obesity prevalence data at a fine granular scale cannot be checked against objective reality, since geolocated health data are rarely available. The availability of fine-grained area-level SES data in Seattle-King County represents one of the first opportunities to map obesity at a high resolution using empirical, intrinsically geospatial data -residential property values at the tax parcel data. Using these data, maps of the prevalence of obesity and diabetes were previously generated by census tract using data for 59,767 insured persons from Group Health, now Kaiser Permanente (12) . The present modelling, at the unprecedented census block level, was generally consistent with past observation and with data collected by the local health authority, Public Health Seattle-King County. These data stand in sharp contrast to the RTI International maps for Seattle neighbourhoods (9). Those maps fail to show the expected social gradient in obesity rates (12, 17) , showing instead lower obesity prevalence around the freeway corridor and higher prevalence on waterfront estates. One potential explanation is that models that use race and Hispanic origin as the chief predictors of obesity prevalence do little more than highlight long-standing racial segregation in housing. Such mapping techniques may work where racial divisions in housing are sharply drawn, such as New York City, but may not apply to more integrated Seattle-King County.
The present modelling approach is based on the premise that socioeconomic disparities are a more powerful determinant of health (18) , and one that applies to all racial and ethnic groups. Here, tax parcel property values have multiple advantages as a unifying predictor variable. First, property values are an objective measure that is less prone to omission, misreporting or misclassification (19) . Second, property values may better capture economic security, wealth and accumulated assets that do selfreported incomes (1, 14, 20) . In other words, tax parcel property values are an accurate index of social class. Third, tax parcel property values can be geo-localized with great accuracy to provide indexes of individual or area SES.
This study was not without its limitations. First, the cross-sectional nature of this analysis precludes any causal inferences between SES and obesity. Second, obesity was calculated based on self-reported height and weight. Third, the present geographic information system model was based on a single variable at the tax parcel level and did not draw on additional census data that may be available at a higher level of aggregation (8) . US Census bureau data are not currently available at tax parcel level. Fourth, obesity prevalence estimates were based on small samples, which may have led to estimate instability. Fifth, although the telephone survey was based on Centers for Disease Control and Prevention Behavioral Risk Factor Surveillance System methodology, we cannot rule out the possibility of selection bias in our sample given that the respondent had to (i) have access to a working telephone, (ii) speak English and (iii) be home when the survey was fielded. However, our sample demographics are similar to 2008 US Census Bureau American Community Survey 3-year estimates for occupied households in King County and Seattle 75.2% and 74.8% White, non-Hispanic, 77.3% and 82.6% with a college education or more compared with 81% White, nonHispanic and 82.5% with a college education or more in our study sample (21) . It should be noted that these American Community Surveys estimate all for residents of Seattle and King County and are not restricted to adults only. When compared with local area Behavioral Risk Factor Surveillance System, our demographics match closely (1) . Lastly, the population of Seattle and King County is more educated and affluent, compared with the rest the nation and may not be generalizable to national statistics on obesity.
Conclusion
Neighbourhood maps of US obesity can be created using property values as opposed to age, gender, race, Hispanic origin or educational attainment. Residential property values may become the preferred predictor of socioeconomic disparities in health.
